The 
Introduction
Mobile Ad hoc NETworks (MANET) is a multi-hop wireless network composed of mobile hosts communicating with each other without the support of a fixed network infrastructure [1] [2] . Wireless links are formed or destroyed whenever one mobile host moves in or out of transmission ranges of other mobile hosts [3] . Intermediate mobile hosts between two communication nodes act as routers. Thus, the mobile hosts operate both as hosts and routers in MANET. When the hosts are mobile, they are free to move randomly and organize themselves arbitrarily [4] . The creation of routing paths is affected by the addition and deletion of mobile hosts [5] . Thus, the topology of the wireless network changes unpredictably and frequently. As a result, unicast or multicast routing in ad hoc networks becomes a challenge due to this dynamic nature.
The main problem to be solved by QoS routing algorithm is the multi-constraint path problem [6] [7] . It is shown that the problem of finding a path subject to constraints in QoS routing is NP complete [8] . Algorithms to solve this family of problems are known to be heuristics which can reduce the complexity of the path computation, however, at the expense of not attaining the optimal solution for the problem and finding just a feasible solution. The problem of QoS routing is difficult because multiple constraints often make the routing problem intractable, and the dynamic of network state makes it difficult to gather up to date information in a large network. The path computation algorithm is at the core of QoS routing strategies. Instead of using a shortest path algorithm based on statically configured metrics, as in traditional routing protocols, the algorithm must select several alternative paths that are able to satisfy a set of constraints regarding, for instance, end-to-end delay bounds and bandwidth requirements. However, the algorithms to solve such a problem have been shown to have, in general, high computational complexity.
Furthermore, in MANETs where the network topology changes arbitrarily, it is a challenging problem even to provide QoS guarantee. QoS based multicast routing is one of the critical issues which seek to find feasible routes for QoS traffic [9] [10] . Providing the QoS guarantee for data traffic and maximizing the utilization of the whole network on QoS-based multicast routing offer significant challenges. This gives rise to the need for an efficient multicast routing protocol which will be able to determine multicast routes satisfying the different QoS constraints. In this attempt, this project looks at the characteristics of emergence behavior exhibited in natural environments by studying the emergence behavior in ants and presents a robustness routing path and optimality solution for network management through routing.
Optimal multiple constrained QoS routing model

Optimal routing
MANET is a self-organized and self-managed network. Effective routing algorithm is one of its key technologies due to its dynamic network topology. Let a mobile ad hoc network be represented by a graph G(V, E), where V is the vertices and E is its edges [11] . P(S, N) is the path from source node S to destination node N, and for each edge e, the variable sn e f represents how much of the traffic demand between s and n travels over edge e. The total load on each edge e (L e ) can be defined as follows:
u e is the link utilization rate described as:
Where e C represents the capacity of each link e E  .
The congestion measure for each link is defined as (
 
e e P u   ), where P is a penalty function. The function e  is illustrated in Figure. 2. The idea behind e  is that it is cheap to send flow over an arc with a small utilization. As the utilization approaches 100%, it becomes more expensive, for example because we get more sensitive to bursts. If the utilization goes above 100%, we get heavily penalized, and when the utilization goes above 110% the penalty gets so high that this should never happen. 
, e e L e E    Where a demand matrix D is available, and d sn represents the traffic demand between each pair of nodes s and n from S. Constraints (4) are flow conservation constraints that ensure the desired traffic flow is routed from s to destination n, constraints (5) define the load on each edge and constraints (6)- (11) define the cost on each edge. In the following, we shall use opt  to denote the optimal general routing cost.
OSFP routing
In open shortest path first(OSPF) routing, all edges are associated with an integer weight. The length of a path is then the sum of its edges weights, and we have the extra condition that all flow leaving a node aimed at a given a destination is evenly spread over edges on shortest paths to that destination [12] [13] .
Let us assume a given solution, i.e. a weight assignment (w), and the corresponding utilization rates on each edge (u e ). In this case, the total routing cost is expressed by:
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For the loads and corresponding penalties ( ( ) e w  ) calculated based on the given OSPF weights. In this way, the OSPF weight setting problem is equivalent to finding the optimal weight values for each link (w opt ), in order to minimize the function ( ) w  .
Congestion measure cost problem
We now introduce a normalizing scaling factor for the cost function that allows us to compare costs across different sizes and topologies of networks:
To defined the measure, we introduce above ( , ) dist s n is distance measured with unit weights.
Finally, the scaled congestion measure cost is defined as:
and the following relationships hold:
Note that if we get * 1   , it means that we are routing along unit weight shortest paths with all loads staying below 1/3 of the capacity. In this ideal situation there is no point in increasing the capacities of the network.
Delay problem
In order to support multimedia applications over high speed networks, it is necessary to enlarged set of QoS constraints. Hence we additively compute path subject to other constraints such as delay time and transmission success ratio (TSR). Delay requirements are modeled as a matrix DR, that for each pair of nodes , s n S S   (where d sn > 0) gives the delay target for traffic between origin s and destination n (denoted by DR sn ). A cost function was developed to evaluate the delay compliance for each scenario (a set of OSPF weights). This function takes into account the average delay of the traffic between the two nodes (Del sn ), a value calculated by considering all paths between s and n with minimum cost and averaging the delays in each. The delay compliance ratio for a given pair , s n S S   can be expressed as follows:
The sn  function is defined as follows:
Where the function (.) P is a penalty for delay compliance. In turn, allows the definition of a delay minimization cost function, is described as the following equation: 
Transmission problem
Loss probability can be easily transformed into an equivalent metric that follows the multiplicative composition rule. Probability of successful transmission can be expressed as follows:
St lk
Therefore the loss probability metric can be expressed mathematically as follows:
where St(lk) is the probability of successful transmission for link lk, St(p) is the probability of successful transmission for the entire path p, St(lke) is the probability of successful transmission for link e in the path p, l(lk) is the loss probability for link lk, l(p) is the loss probability for the entire path p, and l(lke) is the loss probability for link e in the path p. 
Where e TSR represents the transmission success ratio of the edge e, and E represents the total number of edges.
Multi-objective optimization problem
It is now possible to define the optimization problem addressed in this work that is clearly multiobjective. Indeed, given a network represented by a graph G(V, E), a demand matrix D and a delay requirements matrix DR, the aim is to find the set of OSPF weights(w) that simultaneously minimizes the functions   For multi-objective optimization, all algorithms described in the following section use a linear weighting scheme where the cost of the solution is given by: 
This scheme, although simple, can be effective since both cost functions are normalized in the same range. The parameters  ,  can be used to tune the trade-off between both components of the cost function.
Modified chaos ant pheromone model
Mobile ad hoc network routing is a difficult problem because network characteristics such as traffic load and network topology may vary stochastically and in a time varying nature. The distributed nature of network routing is well matched by the multi agent nature of ACO algorithms [14] . ACO adopts the foraging behavior of real ants. Initially when there is no neighborhood relationship between two nodes, the pheromone substance on that link will be zero. As soon as neighborhood relationship is established between two nodes, i and j, an initial pheromone amount 0.1 is deposited on that link as 0.1
Here, we will introduce a new chaos algorithm to avoid searching blindly before reducing the searching space of variable optimized in chaos optimization algorithm. Chaos is obtained by certain equitation and it is a kind of random motion state. For example, Logistic is a chaos state and Logistic mapping is a typical chaos system. The iterative method that Logistic mapping used is 1 (1 ) When updating the pheromone values, there may be an implicit negative reinforcement for the pheromone values. We think if there is no data toward a neighbor node within every finite time interval T delay, its corresponding pheromone value will decay. Here, we use ρ as a decay factor. Then, there will be several situations for ij  as follows: (1 ) if 0.1< (1 ) 1 1 if (1 ) 1 0.1 if (1 ) 0.1 0 when node losses its connectivity to its neighbor
Between two intermediate nodes, the path preference probability is calculated as well as source nodes upon receipt of a route reply ant. We use ijd P as the path preference probability. Assume current node s receives a route reply ant from node n for destination d, ijd P can be calculated like this 
Author Ant colony algorithm for multi-constraint QoS routing
Step 1: Whenever a link and QoS constrains requirements do not meet, delete the link. Then a new network topology is acquired.
Step 2: Set the iteration counter 0 r  . Give initial value for the pheromones on all edges
 . Set the number of maximal search cycle as R; fixed iterative times as I; maximal time limit for a search as T; the initial value of object function is 0; and the solution set as null. Set search time 0 t  and n ants, from the source node, move randomly and independently.
Step 3: Select the next node on the basis of the probability in formula (25) until all the ants finish searching paths and t T  .
Step 4: Have the value of the objective function ( ) f w of paths passed by all the ants in cycle computed.
Step 5: Work out
if so far the times of iterative equals I, which is the integer times of the fixed iterative times, then update the solution set using global optimum path; conversely, choose the path with minimal objective function value from the paths generated in this iterative, and update pheromone on the basis of fitness of that path.
Step 6: Set r=r+1. Go to step 3 and continue with the search when r < R. Otherwise, stop.
Step 7: Output the path in the solution set. And there comes the ideal path that satisfies the requirements of QoS constrains. There will be no such path when F=0.
Simulations and results analysis
This experimental simulation is achieved by MATLAB7.0 to implement this NGSA for QoS multicast routing. The network topology is created by Salama stochastic network topology generation in this experiment [16] . The cost of link is selected in [2, 10] randomly. Bandwidth is selected in 50-200 kb/s randomly. Delay equals distance divided by 2/3 light velocity. Delay jitter selected in 5-15 ms randomly. Figure. 3 illustrates the comparison of optimal solutions obtained via the same iterative times of the three algorithms in the topology of ad hoc network with 20 nodes. In the figure, CACA stands for the chaos ant colony algorithm with considering the orientation factor; GA stands for genetic algorithm; PSO stands for particle swarm optimization. As is shown in the figure, with the increase of the times of iterative, the performance of the optimal solutions obtained through the three algorithms become better and better, and converge finally to certain value. The time needed by the three algorithms is different. PSO needs more time than all the rest algorithms, CACA needs less time than GA. Although the optimal solutions obtained via the three algorithms are all good, there is difference. The performance of the solution got via CACA is the best, with that via GA, PSO in a descending order. According to Table 1 results, our method can find a new route faster than AODV method for all kinds of networks. In the case of a network with 20 nodes, the time to find a new route was short, but in the case of the network with 30 nodes, the two methods sometimes did not find a new route. Figure. 4 shows the effect of pause time on end-to-end delay of AODV and proposed protocols. At higher pause times, the nodes stay long time in each way point and hence path breaks will be less. So with higher pause times, both algorithms provide almost same and low end-to-end delays. The comparison of cost performance in different network scale is shown in Figure. 5. It can be seen that this algorithm is better than AODV for least-cost QoS multicast routing. As the comparison results, the comparison of routing request success ratios between AODV and our method are curved and shown in Figure. 6 . The values in the Y-coordinate represent the successful transmission rate. It is proved that our method has the highest success ratio according to each QoS parameter and thus has the best convergence performance.
Conclusion
This paper presents a novel multi-constrained QoS routing scheme based on a new ant colony algorithm for mobile ad-hoc network. In the paper, we use the approach that is based on swarm intelligence and especially on the ant colony optimization meta-heuristic. In addition, we have discussed the adaptation of the method to mobile multi-hop ad-hoc networks and showed through simulations its ability to perform well in such kind of networks. Lastly, the experimental simulation is achieved by MATLAB7.0 to implement this NGSA for QoS multicast routing and the experimental results indicate that proposed scheme can perform better than AODV under high mobility because of alternate route maintenance scheme. In short, MANET will be worth being studied and better algorithm would be proposed in future work.
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